Remedying food policy invisibility with spatial intersectionality: A case study in the Detroit Metropolitan Area by Jang, Seongsoo & Kim, Jinwon
Remedying Food Policy Invisibility with Spatial
Intersectionality: A Case Study in the Detroit
Metropolitan Area
Seongsoo Jang and Jinwon Kim
This study examines the intersectionality of race/ethnicity and poverty in terms of geographic access to 2,635
food stores of three types (supermarkets, grocery stores, and convenience stores) in the tricounty Detroit
metropolitan area (DMA). Prior research not only lacks an intersectional view of sociodemographic categories
in explicating food store access, but it also fails to provide place-based policies to remedy food policy
invisibility. The authors explore whether spatial dependencies among food stores exist and whether these are
linked to sociodemographic heterogeneity in the DMA. Food stores are clustered across suburban and rural
areas surrounding urban boundaries but are less clustered in the inner city. Poor neighborhoods have
varying access to different types of food stores depending on the predominant racial/ethnic composition of the
neighborhood. This research can assist policy makers in implementing place-based food interventions and
policies, especially attracting new supermarkets and grocery stores to the urban DMA.
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It has been observed that lower-income, minority, and ruralneighborhoods have poor access to chain supermarkets butgreater access to convenience stores, which may lead to less
healthy diets and higher levels of obesity (Larson, Story, and
Nelson 2009; Morland, Wing, and Roux 2002). This finding
suggests that some neighborhoods in both urban and rural areas
have limited or no access to healthy foods. In the United States,
more than 29 million Americans in low-income and minority
communities lack access to healthy foods (Ver Ploeg et al.
2012). According to a recent report by the Johns Hopkins
Center for a Livable Future and the Baltimore Food Policy
Initiative (Buczynski, Freishtat, and Buzogany 2015), one in
four urban residents lives in a food desert, and neighborhoods
with food deserts have higher rates of diseases linked to un-
healthy diets, including cardiovascular disease and diabetes.
Food store deserts and accessibility may be one factor that
affects these outcomes (Adams, Ulrich, and Coleman 2010).
Numerous studies have found that some communities ex-
perience insufficient quantity or quality of food or systemati-
cally higher food prices. For example, neighborhoods with
more low-income residents have fewer chain supermarkets
(Powell et al. 2007; Zenk et al. 2005) and more liquor stores
(Zenk et al. 2006). Evidence suggests that neighborhoods with
higher proportions of African Americans have fewer
supermarkets and more grocery stores (Zenk et al. 2005).1
However, it is difficult to disentangle the impact of racial
segregation from that of poverty (Bower et al. 2014). Zenk et al.
(2005) find that there is no relationship between supermarkets
and racial composition in low-poverty areas, but in high-poverty
areas, predominantly African American neighborhoods are
farther from supermarkets.2 Bower et al. (2014) examine the
availability of different types of food stores in a nationwide
sample and find that neighborhoods that are more impoverished
have lower (higher) supermarket (grocery and convenience
store) access. Furthermore, at equal levels of poverty, census
tracts that are predominantly African American have the fewest
supermarkets, whereas tracts that are predominantly white have
the most supermarkets (Bower et al. 2014). Many studies have
used an additive approach (adding multiple demographic and
socioeconomic factors independently) to examine the deter-
minants of food store access. However, a simultaneous and
intersectional perspective on race/ethnic composition and
poverty level in food desert research has not been well studied.
The term “intersectionality,” coined by Crenshaw (1991),
refers to the interactivity of multiple social categories, such as
race, class, and gender, in shaping individuals’ experiences.
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Individuals and collectives can be subject to various forms of
discrimination that are often interconnected. The intersectional
approach is particularly important in food desert research be-
cause racially segregated minority neighborhoods tend to be
economically disadvantaged (Bower et al. 2014). The spatially
unjust nature of food access, combined with the increasing
availability of geodemographic data sets, prompted this article,
which aims to provide a more insightful analysis of the link
between food store locations and the heterogeneity of the
population served by those stores.
In this article, we examine the intersectionality of two social
categories, race/ethnicity and poverty, in terms of geographic
access to different types of food stores (i.e., supermarkets,
grocery stores, and convenience stores) across 1,164 census
tracts in the tricounty Detroit metropolitan area (DMA). Using
spatial analysis techniques, we explore (1) the spatial clustering
of food store locations and (2) the spatially varying relationship
between intersectional neighborhoods and the density of 2,635
food stores in both urban and rural settings across the DMA.
This study expands on existing intersectionality studies in food
deserts (Bower et al. 2014; Zenk et al. 2005) by providing
empirical evidence of the importance of remedying place-based
food deserts by pinpointing prioritized areas for policy exe-
cution. Previous transformative consumer research has typically
addressed “who gets what” in the context of the ways dominant
ethnic groups ignore, avoid, and/or disparage the goods and
services associated with societal minorities (Ouellet 2007). Our
research extends the previous literature to consider “who gets
what, where, and to what extent,” enabling the intersectional
identification of specific disadvantaged neighborhoods with
limited or no access to food stores. Our research questions are as
follows:
RQ1: Are large food stores, particularly supermarkets, located
densely in specific areas (i.e., spatial dependence) as opposed
to being evenly distributed across areas? If such spatial de-
pendences of store locations are present in certain areas,
economies of agglomeration exist, whereas other areas are
deemed food deserts. Therefore, policy makers can identify
which areas of neighborhoods lack access to healthy food.
RQ2: Does the relationship between intersectional social categories
(e.g., poor white Americans versus poor African Americans)
and food store access vary across different locations
(i.e., spatial heterogeneity)? If spatially varying relationships
occur, this study will expand upon the prior method of
generalizing those relationships without considering spatial
variations and will offer a concrete place-based initiative to
remedy food deserts.
Literature Review and Hypotheses
Types of Healthy Food Access
The term “food desert”was introduced to describe areas with an
undersupply of stores offering healthy, affordable food in urban
markets (Cummins andMacintyre 2002). The U.S. Department
of Agriculture (USDA) defines food deserts as parts of the
country that lack fresh fruit, vegetables, and other healthful
whole foods. Food deserts are usually found in impoverished
areas, either urban or rural (American Nutrition Association
2017). Research suggests that food deserts can be characterized
as areas without food stores (Cummins and Macintyre 2002),
areas with stores that are far away (Coveney and O’Dwyer
2009), or areas whose residents have low incomes and face
difficulties reaching supermarkets in out-of-town locations due
to a lack of car ownership (Coveney and O’Dwyer 2009).
Given the existence of disadvantaged consumers and food
deserts, there are threemain types of barriers that affect access to
healthy foods: informational, economic, and geographic (Guy
and David 2004; McEntee and Agyeman 2010). Informational
access may include a wide range of factors related to the ed-
ucational, cultural, and social constraints that influence how and
why people choose to eat certain foods. For example, food
desert counties typically have larger populations of individuals
without high-school diplomas (Morton and Blanchard 2007),
and reductions in food insecurity require economic growth
strategies aimed at households with less-educated workers
(Nord and Andrews 2002). Economic access involves not only
poverty but also other financial elements that impact the ability
to acquire food (e.g., food prices, transportation costs). Hen-
drickson, Smith, and Eikenberry (2006) show that in areas with
the highest poverty, food costs are typically higher and the
quality of food is inferior. Finally, geographic access is the
ability to reach stores that sell healthy food. Diets poor in fruits
and vegetablesmay be a result of poor geographic access aswell
as economic problems (Guy and David 2004).
Geographic access is lacking in low-income and minority
neighborhoods. Disparities exist across neighborhoods in the
quality, variety, quantity, and price of healthy foods
(i.e., healthy food availability) (Kumar et al. 2011; Lee et al.
2010; Zenk et al. 2011), and research indicates that low-income
neighborhoods have less availability and lower-quality produce
than higher-income neighborhoods (Lee et al. 2010). In par-
ticular, supermarkets serving African American communities
are perceived to offer produce and meats of poorer quality than
branches of the same supermarkets serving white neighbor-
hoods (Kumar et al. 2011). Furthermore, women in a low-
income African American community in Chicago reported
numerous environmental barriers to acquiring healthy food,
including store availability and quality, high food prices, and
safety concerns (Zenk et al. 2011). Among these access and
availability barriers in the food environment, our primary focus
is the geographic access (to different types of food stores)
associated with the economic access of racial/ethnic segments
(e.g., poor whites or African Americans) in both urban and rural
settings. By understanding the spatial patterns of food stores,
policy makers can improve public health by effectively tar-
geting disadvantaged segments with place-based food access
policies (Sharma 2014).
Spatial Dependence in Food Stores
Turning our attention to the supply side of food stores (i.e., store
locations), the economic literature suggests that food stores
consider the input costs of running a retail food store (Bitler and
Haider 2011). Whereas fixed costs include store operating
expenses (e.g., rent) that are independent of the quantity of
goods sold, operating costs are associated with economies of
scale, economies of scope, and economies of agglomeration
(Bitler and Haider 2011). Economies of scale refer to situations
in which per-unit operating costs decline with the size of a store,
and economies of scope refer to situations in which per-unit
operating costs decline with product variety. Large food stores
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such as supermarkets tend to pursue economies of scale and
scope by carrying thousands of products and stocking healthy
foods at a lower cost (Cummins and Macintyre 2002).3 In
contrast, convenience stores are likely to stock more energy-
dense, processed, and high-fat foods (Walker, Keane, and
Burke 2010). Finally, economies of agglomeration refer to
situations in which per-unit operating costs decline when more
stores are colocated in a certain area (Krugman 1991). This
phenomenon can be explained by the fact that a greater con-
sumer base and greater buying power of the community
strongly guides the site selection of larger food retailers
(Hartford Food System 2006). Due to economies of scale,
scope, and/or agglomeration in the retail food industry, large
food storesmay be clustered in certain areas, leaving other areas
underserved and resulting in food deserts.
From the perspective of interactions among suppliers (food
stores) and demanders (consumers), it is important to consider a
market power perspective (Bitler and Haider 2011). Under
perfect competition, neither firms nor consumers have market
power because product availability and prices are determined by
interactions among firms and consumers in the market. How-
ever, if one area lacks enough firms for meaningful competition
to exist, one or a few firms in the area could have appreciable
market power, enabling them to reduce quantity and raise price
(Bitler and Haider 2011). Therefore, the area becomes a food
desert. In contrast, if numerous food stores offer similar
products in a certain area, they may become engaged in a price
competition or differentiate themselves from each other. For
example, the presence of Walmart may affect retail prices
through two effects: an aggregate mechanism and a market
mechanism (Basker 2005). The aggregate mechanism works
through interactions between Walmart and suppliers/
distributors, resulting in lowered prices even in communi-
ties not served by Walmart, and the market mechanism works
through competition in the local market (Basker 2005). Hence,
it is assumed that large food stores are densely established in
higher-income neighborhoods and benefit from considerable
economies of agglomeration and that they differentiate
themselves by price or nonprice competition. In lower-income
neighborhoods, fewer and smaller food stores—due to low
economies of scale, scope, and/or agglomeration—tend to
locate by setting higher prices and carrying more limited
product assortments (McDonald and Nelson 1991). Therefore,
depending on the type of food store, the density of food stores
varies across neighborhoods. As a result, food deserts occur in
poor neighborhoods (Bader et al. 2010). Consequently, we
hypothesize the following:
H1: Large food stores (e.g., supermarkets) tend to cluster in certain
areas (where a greater consumer base exists), causing other areas
to become food deserts.
Intersectionality and Spatial Heterogeneity in
Food Stores
Intersectionality is a theoretical and methodological approach
that investigates how multiple social categories (e.g., ethnicity,
poverty) come together to shape life. It has recently been used in
research on consumer culture (Gopaldas 2013) and consumer
vulnerability (Crockett et al. 2011). Intersectionality explicitly
focuses on the diversity within social groups and differences
across social groups. It offers various strategies to explore the
similarities and differences across and within social groups that
affect well-being (Crockett et al. 2011). From an intersec-
tional perspective, each person should be understood based on
an understanding of how social group characteristics are in-
terrelated with one another, societal systems, and structures
(Collins 2000).
Various theoretical and methodological classifications of
intersectionality have been developed. We employ a widely
accepted classification developed by McCall (2005), who
identifies three distinct approaches: intracategorical, anti-
categorical, and intercategorical (Corus et al. 2016). The
intracategorical approach focuses on the overlapping categories
of disadvantage within the same social group, untangling
similarities and distinctions within the same social context
(McCall 2005). The disadvantage of this approach is that it
displaces the focus from the larger social processes and
structures that might cause inequalities (Walby, Armstrong, and
Strid 2012). The anticategorical approach highlights the ways,
practices, and social processes through which analytical cate-
gories are considered. It prioritizes fluidity over stability of
categories and thus makes practical analysis difficult (Sayer
2005). The intercategorical approach adopts existing analytical
categories to examine the dominant categories of similarity and
difference and multiple inequalities (Winker and Degele 2011).
McCall (2005) recommends the intercategorical approach be-
cause it engages with the larger structures that generate in-
equalities. Furthermore, the intercategorical approach enables
researchers to compare and contrast multiple social groups
within the same study (Corus et al. 2016) and allows for
econometric analyses of macro-level data (e.g., demographics)
and statistical methods to investigate interaction effects across
social categories (Corus and Saatcioglu 2015).
The assumption of intercategorical intersectionality is that all
social categories are equally salient all the time (Hancock 2007).
However, the degrees of importance of their types of in-
tersection vary within different societal arenas, such as different
institutions or discourses, aswell aswithin given social forces in
different spaces (Anthias 2002). As noted by Ferree (2012, p. 8),
“It is an empirical matter in any given context to see what
concepts are important to the configuration of inequalities in
discourse and in practice.” In a more integrated framing of
issues of social inequality, Anthias (2002, 2008) suggests a
translocational lens, which is a tool for analyzing positions and
outcomes produced through the intersections of different social
structures and processes. The concept of translocations focuses
on social locations rather than groups. Locations relate to
stratification in local and national fields within a chronographic
context (Anthias 2012). The translocation thus treats people as
being located across multiple but interrelated social spaces of
different types (Anthias 2012), resulting in multiple and uneven
social patterns of domination and subordination (Anthias 2008).
In the context of food deserts, understanding the various
challenges faced by disadvantaged consumers in relation to
food access requires a better examination of context-bound
spatial heterogeneity (McGuirt et al. 2015). The prevalence of a
racial/ethnic group in a certain area compared with other areas
may result in a specific food environment to meet cultural needs
3In 2015, the average supermarket carried 39,500 products (see http://
www.fmi.org/research-resources/supermarket-facts).
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(Williams and Jackson 2005). This concern has led to a need for
further research on the complex nature of food desert formations
from a local perspective. Soja (2010) argues that unjust social
conditions are accompanied by “consequential geographies”
(p. 97) that facilitate and reproduce segregation or uneven access
to opportunities (e.g., healthy food access). Recent research
shows that poor African American neighborhoods have the least
access to quality food in urban areas but not in rural areas,
suggesting that policy interventions should be developed locally,
not universally (Bower et al. 2014). Even in a local area, the
relationship between neighborhood racial composition and food
store accessibility varies according to neighborhood poverty level
(Zenk et al. 2005). Therefore, there may be different contextual
influences that lead to spatial variation in the relationship between
intersectional social categories and food store access. These
contextual influences may be underlying geographic, structural,
or social conditions that are products of or are related to the
intersectional categories of interest (McGuirt et al. 2015). Con-
sequently, we hypothesize the following:
H2: The relationship between intersectional social categories
(i.e., race/ethnicity and poverty) and food store access varies
across census tracts.
Application of Spatial Statistical Analysis
in Food Desert Research
Methodologically, most food desert studies have used non-
spatial statistical approaches (e.g., ordinary least squares [OLS]
regression) to illuminate the relationship between neighborhood
social categories and food store access. The OLS method as-
sumes that observations are independent and that there is a
stationary relationship among variables (Fotheringham,
Brunsdon, and Charlton 2002). However, because inter-
sectionality processes may occur systematically and vary
across local areas (McKenzie 2014), residuals from regression
analyses may be spatially autocorrelated (Zenk et al. 2005).
Therefore, spatial dependence (e.g., spatial autocorrelation)
may exist between neighborhood characteristics and food store
accessibility across adjacent areas. Ignoring such spatial de-
pendence renders conclusions regarding the relationship po-
tentially invalid and results in mixed findings in the literature
(Luan, Minaker, and Law 2016; Zenk et al. 2005).
Food desert studies have employed a variety of spatial sta-
tistical analyses to address these problems. Lamichhane et al.
(2013) utilize global measures of spatial autocorrelation and
incorporate spatial effects into their models to examine the
associations and clustering of both supermarket and fast-food
outlet availability with neighborhood composition. Their results
indicate that income, housing value, and education level have a
positive association with access to both supermarkets and fast-
food outlets. Apparicio, Cloutier, and Shearmur (2007) and
Sharkey et al. (2009) also use spatial autocorrelation measures
to explore spatial patterns of food store availability. Lee andLim
(2009) employ spatial statistics (G-statistic) to detect local hot
spots of disparity between population need and grocery pro-
vision at various spatial scales in Buffalo, New York. Luan,
Minaker, and Law (2016) use Bayesian spatial hierarchical
models to explore the association between marginalization and
food outlets and find that materially deprived neighborhoods
(e.g., low-income neighborhoods) have lower access to healthy
food. Finally, Lamichhane et al. (2015) apply a Bayesian
spatiotemporal Poisson model to analyze the relationship
between the sociodemographic characteristics and densities of
supermarkets and convenience stores for four U.S. cities. Their
results indicate that neighborhoods with lower poverty have
better access to both supermarkets and convenience stores.
As suggested by prior research, this study employs spatial
statisticalmethods to comprehensively examine the existence of
both spatial dependence and spatial heterogeneity in food store
locations. Moreover, this study constructs the intersectionality
dimension of neighborhood characteristics, which differentiates
this study from prior food desert research. For example,
although prior studies employ spatial analytical methods
(Lamichhane et al. 2013; Sharkey et al. 2009), they do not reveal
whether and how associations between sociodemographic
characteristics and food store availability may vary across
places. Furthermore, although McGuirt et al. (2015) examine
differences in the relationship between racial domination and
corner-store count across space, they fail to include the so-
cioeconomic (e.g., poverty) differences between areas. There-
fore, this research addresses the methodological limitations of
past studies by considering two spatial effects: whether food
stores cluster near each other (spatial dependence) and whether
the influences of intersectional social categories on food store
access vary across places (spatial heterogeneity).
Data and Variables
Data
To explore the existence of spatial dependence and spatial
heterogeneity in food store locations, we collected a data set of
food stores and the demographic and socioeconomic status of
neighborhoods in the tricounty DMA, including Macomb,
Oakland, and Wayne counties. We selected the DMA as the
study area because it is characterized by extreme economic
inequalities across neighborhoods and has been a study area for
food store accessibility (Taylor and Ard 2015; Zenk et al. 2005,
2006). Compared with the overall U.S. racial composition, the
DMA has a similar proportion of whites (61.0% vs. 61.6%),
more African Americans (31.7% vs. 13.3%), fewer Hispanic
Americans (4.0% vs. 17.6%), and fewer Asian Americans
(2.8% vs. 5.60%).4
The demographic and socioeconomic datawere obtained from
the 2015 American Community Survey (ACS) (U.S. Census
Bureau 2017b). We used the 2015 ACS because it represented
five-year estimates from 2011 to 2015 and was centered on the
time period for which we had food store data. When analyzing
spatial data, this study adopted the census tract (CT) as the unit of
analysis (Han et al. 2012; McEntee and Agyeman 2010; Zenk
et al. 2005). The U.S. Census Bureau defines a CT as a sub-
division of a countywith an average population of approximately
4,000 inhabitants that has relatively homogeneous units with
respect to population characteristics, economic status, and living
conditions. Geographic data such as CT and county boundaries
were collected from the Michigan Open GIS Data Portal. The
DMA sample includes 1,164 CTs that were extracted from the
Michigan Geographic Framework base map. Finally, according
4Other races/ethnicities (e.g., Pacific Islanders) make up .5% and 1.9% of
the DMA and the overall U.S. population, respectively.
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to the 2010 Urban and Rural Census Classification (U.S. Census
Bureau 2017a), we further divided the DMA CTs into an urban
sample (1,002 CTs) and a rural sample (162 CTs).
For this study, food stores such as supermarkets, grocery stores,
and convenience stores were selected (Bower et al. 2014; Han
et al. 2012; Powell et al. 2007). Research indicates that super-
markets tend to stock more healthy foods, whereas convenience
stores are likely to stock more energy-boosting, processed, high-
fat, sugary, and salty foods (Lamichhane et al. 2013; Walker,
Keane, and Burke 2010). Hence, we define supermarkets as large
corporate-owned franchised or unfranchised food stores selling
groceries including fresh produce and meat (Zenk et al. 2005).
Franchised or chain food stores have a supply chain advantage in
terms of transportation to markets, warehouses, processing space,
and storage facilities (Taylor and Ard 2015). In addition, although
grocery stores have limited purchase power and supply chain
capacity, they play an essential role in establishing the local food
network and driving local economies (Perkins 2017) and are thus
distinguished from convenience stores.
The data for food stores and their geographic locations in
2015 were collected from the SimplyAnalytics database
(SimplyAnalytics 2015), which allows us to access Dun &
Bradstreet (D&B). D&B classifies food retail businesses into
different types of food stores and provides a Standard Industrial
Classification (SIC) code for each food store. The SIC code is used
by theU.S.Department ofLabor tomonitor business identification.
The food stores in our study were identified as SIC 53, “General
merchandise stores”; 54, “Food stores”; and 55, “Automotive
dealers and gasoline service stations.” Table 1 reports the detailed
list of SIC codes by type of food store and examples of real store
names. Compared with the food store distribution in the overall
U.S. population, theDMAhad fewer supermarkets (13%vs. 18%),
fewer grocery stores (35% vs. 39%), and more convenience stores
(52% vs. 43%). As of 2015, there were 345 supermarkets, 930
grocery stores, and 1,360 convenience stores in the DMA, for a
total of 2,635 food stores. Figure 1 illustrates the spatial distribution
of food stores and the CT boundaries within the study area.
Variables
To investigate the spatially varying effects of intersectional
social categories on access to different types of food stores, we
developed measures of the dependent and independent vari-
ables (Table 2). We created six dependent variables to measure
the different degrees of geographic access to different types of
food stores: (1) Urban Supermarket, (2) Urban Grocery Store,
(3) Urban Convenience Store, (4) Rural Supermarket, (5) Rural
Grocery Store, and (6) Rural Convenience Store. Specifically,
we measured the number of food stores with a specific format
within 1 kilometer in the urban setting (Apparicio et al. 2007;
Bader et al. 2010) or 10 miles in the rural setting (McEntee and
Agyeman 2010; Morton and Blanchard 2007) for each CT.
As independent variables, we developed measures of in-
tersectional and other neighborhood deprivation for each CT.
Intersectional composition was defined as the percentage of
neighborhoods for each CT that combined racial/ethnic com-
position and level of poverty. Specifically, each CT had a
certain percentage of any given racial/ethnic (e.g., white)
population below the federal poverty line.5 By combining the
four racial/ethnic compositions (i.e., white, African, Asian, and
Figure 1. Spatial Distribution of Food Stores in Study Area
A:  Supermarket                      B: Grocery Store                  C:  Convenience Store
Supermarket (N = 345)
ALDI (n=25)
GA (n=2)
Kroger (n=95)
Meijer (n=36)
Save-A-Lot (n=23)
Whole Foods (n=4)
Others (n=157)
Trader Joe’s (n=3)
County Boundary
City of Detroit Boundary
County Boundary
Convenience Store
(N = 1,360)
City of Detroit Boundary
Urban Area (N = 1,002)
Rural Area (N = 162)
Urban Area (N = 1,002)
Rural Area (N = 162)
Urban Area (N = 1,002)
Rural Area (N = 162)
Census Tract Boundary Census Tract Boundary
Grocery (N = 930)
City of Detroit Boundary
Country Boundary
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100 20 Miles100 20 Miles 100 20 Miles
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W
S
E
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W
5The U.S. Census Bureau determines poverty status by comparing pretax
cash income against a threshold that is set at three times the cost of a
minimum food diet in 1963, updated annually for inflation using the
Consumer Price Index, and adjusted for family size, composition, and age of
householder.
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Hispanic) and poverty levels, we created four intersectional
variables for each CT: White Poverty, African Poverty, Asian
Poverty, and Hispanic Poverty. Of these four intersectional
variables, the U.S. Census Bureau showed Hispanic Poverty
data across only 283 CTs out of 1,164 CTs (24.3%) in the
DMA; therefore, we excluded the Hispanic Poverty variable in
our final model. We used White Poverty, African Poverty, and
Asian Poverty as the final intersectionality variables.
We also included other social deprivation variables that might
affect food store access in agivenCT (e.g.,CoveneyandO’Dwyer
2009;GuyandDavid2004): (1) themedianhouseprice ($) perCT
(House Value), (2) the median household income ($) per CT
(Income), (3) the percentage of the population below the federal
poverty level (Poverty), (4) the percentage of householdswithout a
vehicle (No Vehicle), and (5) the population per square mile
(PopulationDensity). As such, we defined vulnerable segments as
including those with low housing prices, low income, high
poverty, and no vehicle.
Data Analysis
First, to examine whether food stores with a specific type (e.g.,
supermarket) cluster in certain areas (i.e., the existence of spatial
dependence) (H1), we used the global Moran’s I statistic as a
numeric measure of spatial autocorrelation (Li, Calder, and
Cressie 2007). The global Moran’s I measures the level of
spatial association among adjacent CTs including the number of
food stores with a specific type and is calculated as follows:
(1) I =
N
ijwij
ijwijwijðxi _mÞðxj _mÞ
iðxi _mÞ2
,
where wij is the matrix of weights such that wij = 1 if CT i and
CT j are adjacent and 0 otherwise; xi is the attribute value of a
specific variable at CT i; xj is the attribute value of a specific
variable at CT j; m is the average attribute value of a specific
variable; and N is the total number of CTs. Furthermore, to
identify the local patterns of spatial clusters, we applied the local
indicator of spatial association (LISA) (Anselin 1995). The
LISA is calculated as follows:
(2) Ik =
ðxi –mÞ
m2
iwijxj _m,
where Ik is the local Moran’s I statistic at CTk and m2 is cal-
culated by iðxi–m)2/N. The results of LISA analysis can be
presented in the form of a LISA cluster map with information
regarding the types of spatial clusters (Anselin 1995). The
results of a LISA cluster map can be classified into five types:
(1) HH: spatial clusters with high values, indicating positive
spatial autocorrelation (also called hot spots); (2) HL: spatial
clusters with high values adjacent to low values, indicating
negative spatial autocorrelation (also called spatial outliers); (3)
LH: spatial clusters with low values adjacent to high values,
indicating negative spatial autocorrelation (also called spatial
outliers); (4) LL: spatial clusters with low values, indicating
positive spatial autocorrelation (also called cold spots); and (5)
NS (not significant): no spatial clusters between CTs.
As a supplementary analysis to examine the existence of
spatial clustering in food store locations, we estimated the
expected density of food stores in each type. For this analysis,
we employed kernel density estimation (KDE) to calculate the
degree of food store access for each CT. As a nonparametric
density estimation, KDE can calculate the density of features
in a neighborhood based on the concept of spatial dependence
(O’Sullivan and Unwin 2010). KDE has been used to estimate
the geographic distribution of customers in a market (Donthu
and Rust 1988) and access to supermarkets (Thornton et al.
2012). When we employed the KDE, we used as bandwidths a
1-kilometer radius for the urban setting and a 10-mile radius for
the rural setting, and we created a 50-meter resolution raster
surface (Maroko et al. 2009).
Second, to investigate the spatially varying relationship
between intersectional social categories and food store
access (H2), we employed geographically weighted re-
gression (GWR) (Fotheringham, Brunsdon, and Charlton
2002) in addition to the OLS regression. The GWR
produces a set of local regression coefficients to explore
spatially varying relationships between variables (e.g.,
intersectionality, food store access). We ran the OLS
Table 2. Measures and Sources of Variables
Variable Measure
Dependent
Variablesa
Urban Sample
Supermarket Number of supermarkets within 1 kilometer
of each CT
Grocery Store Number of grocery stores within 1 kilometer
of each CT
Convenience Store Number of convenience stores within 1
kilometer of each CT
Rural Sample
Supermarket Number of supermarkets within 10 miles of
each CT
Grocery Store Number of grocery stores within 10 miles of
each CT
Convenience Store Number of convenience stores within 10
miles of each CT
Independent
Variablesb
White Poverty Percentage of white American population
below the poverty line for each CT
African Poverty Percentage of African American population
below the poverty line for each CT
Asian Poverty Percentage of Asian American population
below the poverty line for each CT
House Value Median home price (in thousands of dollars)
for each CT
Income Median household income in thousand
dollars for each CT
Poverty Percentage of population below the poverty
line for each CT
No Vehicle Percentage of households without a vehicle
for each CT
Population Density Population per square mile for each CT
aSource: SimplyAnalytics.
bSource: American Community Survey.
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regression with R 3.1.0 (R Core Team 2014) to investigate
the global relationship between intersectional and con-
trolled variables and food store access (Equation 4) and used
GWR 4.0 (Nakaya et al. 2009) to explore the existence of
spatial heterogeneity using the same variables (Equation 5).
We estimated the following two models:
(4) Accessj = b0 + b1White Poverty + b2African Poverty
+ b3Asian Poverty + b4House Value
+ b5Income + b6Poverty + b7No Vehicle
+ b8Population Density + e
and
(5) Accessij = bi0ðui, viÞ+ bi1ðui, viÞWhite Povertyi
+ bi2ðui, viÞAfrican Povertyi + bi3ðui, viÞ
×Asian Povertyi + bi4ðui, viÞHouse Valuei
+ bi5ðui, viÞIncomei + bi6ðui, viÞPovertyi
+ bi7ðui, viÞNo Vehiclei
+ bi8ðui, viÞPopulation Densityi + ei,
where i refers to the CT and j refers to the specific store model
(1 = urban supermarket, 2 = urban grocery store, 3 = urban
convenience store, 4 = rural supermarket, 5 = rural grocery
store, and 6 = rural convenience store); ðui, viÞ are the location
coordinates of CT i;bi0ðui, viÞ is the intercept parameter at point
i; bikðui, viÞ is the local regression coefficient for the in-
dependent variable k atCT i; andbikis the value of the independent
variable k at CT i. To minimize the corrected Akaike information
criterion (AICc), we determined the optimal kernel size through an
iterative statistical optimization process. Finally, we used ArcGIS
10.4.1 to create visualized maps to explain where spatial hetero-
geneity occurs across specific places (ESRI 2016).
Results
Descriptive Results
Table 3 summarizes the descriptive statistics for all the vari-
ables. In the urban DMA setting, the average number of food
stores within 1 kilometer of eachCT varied across supermarkets
(1.72), grocery stores (4.57), and convenience stores (6.39). The
accessibility to convenience stores was 3.7 times larger than that
of supermarkets and 1.4 times larger than that of grocery stores.
The average percentage of poor African Americans per CT
(24%) was relatively higher than that of poor white Americans
(15%) and poor Asian Americans (17%). The average house
valuewas $139,480,with a range of $16,000–$675,000, and the
average value ofmedian household incomewas $58,380, with a
range of $13,000–$539,000. On average, 17% of neighbor-
hoods were below the federal poverty level, the average per-
centage of nonvehicle ownership was 9%, and the average
population per square mile was 4234.74.
In the rural DMA setting, the average number of food
stores within 10 miles of each CT also varied across su-
permarkets (40.71), grocery stores (85.19), and convenience
stores (126.43). Similar to the urban setting, the accessi-
bility to convenience stores was 3.1 times larger than that of
supermarkets and 1.5 times larger than that of grocery
stores. The average percentage of poor African Americans
per CT (20%) was higher than that of poor white Americans
(8%) and poor Asian Americans (7%). The average house
value was $193,950, with a range of $34,000–$435,000, and
the average median household income was $73,350, with a
range of $17,000–$160,000. On average, 9% of neigh-
borhoods were below the federal poverty level, the average
percentage of nonvehicle ownership was 5%, and the av-
erage population per square mile was 1,582.63. The results
showed that the rural DMA, compared with the urban DMA,
tended to have greater access to food stores across different
racial/ethnic compositions. Our analysis of two distinctive
settings (i.e., urban vs. rural) seems important for place-
based policies because the food access mechanism and
issues may differ between them.
Results of Spatial Dependence in Food Store
Access
Table 4 reports the descriptive statistics for the average per-
centage values of each type of food store according to spatial
segments such as hot spots (HH) and cold spots (LL) across the
DMA. Food stores with a similar type in the rural DMA were
located more densely or more sparsely than those in the urban
DMA. Specifically, supermarkets (9.3%), grocery stores (13%),
and convenience stores (12.3%) in the urban DMA tended to be
located less densely than supermarkets (19.7%), grocery stores
(17.2%), and convenience stores (19.7%) in the rural DMA. In
addition, compared with the urban DMA, the rural DMA had
more cold spots in terms of access to supermarkets (20.9% vs.
7.8%), grocery stores (23.4% vs. 6.5%), and convenience stores
(26.5% vs. 10.2%).
Figure 2 displays visualized information about spatial
clustering in each food store type. The red areas represent
hot spots with a high density of food stores, and the blue
areas represent cold spots with low density. When we
combined two samples with different distances applied
(1 km vs. 10 miles), food stores tended to be located more
densely in the rural DMA. The results showed that food
stores, by type (supermarket, grocery store, convenience
store) and across areas (urban, rural, combined), were
significantly and spatially correlated (Luan, Minaker, and
Law 2016). For example, in the urban DMA, supermarkets
were densely located in Oakland County, whereas grocery
and convenience stores clustered in southwest and west
Detroit, respectively. In the rural DMA, food stores were
densely located in Detroit’s waterfront. When urban and
rural areas were combined, neighborhoods in rural CTs
surrounding the urban boundaries and Detroit’s waterfront
had greater access to supermarkets, grocery stores, and
convenience stores. In addition, the global Moran’s I values
for food store locations by the nine types were all positive, at
.25, .62, .44, .75, .77, .75, .13, .11, and .10, respectively.
Finally, the supplementary analysis of the estimated den-
sity of food stores by type showed that food stores were
clustered across locations in the DMA and that the
global Moran’s I values were all positive (see the Appen-
dix). Thus, both the visual and statistical results confirm the
existence of spatial dependence in large food store locations,
supporting H1.
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Results of Spatial Heterogeneity in Food Store
Access
Tables 5 and 6 present regression model results depending on
the type of food store in the urban and rural DMA settings,
respectively. We find that the GWR models improved the
overall model fit (high adjusted R2) and performance (low
AICc) compared with the OLS models. These findings indicate
that the GWR model provides significantly better goodness of
fit than the OLS model when assessing the spatially varying
distribution of food store access. Thus, we focus on the in-
terpretation of the GWR results.
For the urban DMA, GWR indicated that the White Poverty
coefficient was statistically significant (r < .05), and the re-
lationship between the intersectionality variables and food store
access varied across CTs (Table 5). For example, although the
White Poverty variable, on average, was negatively associated
with supermarket access (bOLS = _.187; bGWR Mean = _.146),
the GWR results indicate that depending on CT, the negative
relationship was even larger (bGWR Min = _.714) and the re-
lationship was positive (bGWR Max = .239). A similar phe-
nomenon occurred for the spatially varying relationships
between Asian Poverty and grocery store access, with a GWR
Table 3. Descriptive Statistics and Correlation Coefficients of Two Samples
Sample and Variable M Min Max SD
Correlations
1 2 3 4 5 6 7 8 9 10 11
Urban (n = 669)
1. Supermarket 1.72 .00 14.00 1.47 1.00
2. Grocery Store 4.57 .00 33.00 4.14 .28 1.00
3. Convenient Store 6.39 .00 24.00 3.51 .20 .34 1.00
4. White Poverty .16 .00 1.00 .16 .02 .31 .27 1.00
5. African Poverty .24 .00 1.00 .24 .05 .20 .21 .43 1.00
6. Asian Poverty .17 .00 1.00 .30 .01 .14 .14 .44 .30 1.00
7. House Value 139.48 16.00 675.00 85.47 _.01 _.15 _.35 _.46 _.37 _.31 1.00
8. Income 58.38 13.00 539.00 37.69 _.01 _.22 _.33 _.42 _.31 _.19 .59 1.00
9. Poverty .16 .00 .68 .14 .04 .38 .32 .76 .48 .42 _.56 _.54 1.00
10. No Vehicle .09 .00 .58 .10 .00 .26 .23 .64 .39 .38 _.44 _.49 _.08 1.00
11. Population Density 4,234.74 350.00 18,405.00 2,303.74 .12 .39 .25 .37 .31 .19 _.39 _.31 _.26 .37 1.00
Rural (n = 115)
1. Supermarket 40.71 4.00 113.00 24.51 1.00
2. Grocery Store 85.19 .00 402.00 94.14 .86 1.00
3. Convenient Store 126.43 .00 585.00 130.92 .85 .98 1.00
4. White Poverty .08 .00 .61 .08 .14 .07 .08 1.00
5. African Poverty .20 .00 1.00 .30 _.16 _.12 _.10 .17 1.00
6. Asian Poverty .07 .00 1.00 .18 .28 .29 .28 .16 .09 1.00
7. House Value 193.95 34.00 435.00 79.78 _.13 _.23 _.29 _.42 _.07 _.13 1.00
8. Income 73.35 17.00 160.00 26.01 _.17 _.27 _.31 _.49 _.12 _.17 .89 1.00
9. Poverty .09 .00 .48 .09 .41 .42 .45 .63 .09 .24 _.59 _.72 1.00
10. No Vehicle .05 .00 .40 .06 .50 .50 .48 .43 .03 .22 _.40 _.53 .12 1.00
11. Population Density 1,582.63 143.00 9,799.00 1,610.88 .49 .52 .50 .05 _.11 .18 _.30 _.26 .21 .39 1.00
Table 4. Distribution of Spatial Dependence by Type of Food Store
Sample and Type of food store HH (%) HL (%) LH (%) LL (%) NS (%) Total
Urban (n = 1,002)
Supermarket 94 (9.3) 1 (.0) 6 (.0) 79 (7.8) 822 (82.0) 1002 (100.0)
Grocery Store 131 (13.0) 1 (.0) 7 (.0) 66 (6.5) 797 (79.5) 1002 (100.0)
Convenience Store 124 (12.3) 2 (.0) 4 (.0) 103 (10.2) 769 (76.7) 1002 (100.0)
Rural (n = 162)
Supermarket 32 (19.7) 0 (.0) 0 (.0) 34 (20.9) 96 (59.2) 162 (100.0)
Grocery Store 28 (17.2) 0 (.0) 3 (1.8) 38 (23.4) 93 (57.4) 162 (100.0)
Convenience Store 32 (19.7) 0 (.0) 4 (2.4) 43 (26.5) 83 (51.2) 162 (100.0)
Notes: The figures are calculated based on the 5% pseudosignificance. HH = hot spots with high–high density values; HL = outlier spots with high–low density
values; LH = outlier spots with low–high density values; LL = cold spots with low–low density values; and NS = spots with no statistical significance.
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coefficient ranging from _2.696 to 4.355 (bOLS = _.097;
bGWR Mean = .048; r < .05). Poor African neighborhoods re-
siding in the urban DMA, on average, were significantly and
positively associated with convenience store access (bOLS =
.483; bGWR Mean = .689; r < .05), but the relationship was
negative (bGWR Min = _1.926) or positive (bGWR Max = 3.655).
For the rural DMA (Table 6), although the White Poverty and
African Poverty variables, on average, were significantly and
negatively associatedwith supermarket access, the relationships
varied across different CTs from negative to positive. In-
terestingly, whereas the White Poverty variable had mixed
relationships with grocery store access, the Asian Poverty
variable was significantly and positively associated with gro-
cery store access throughout all the rural CTs (bOLS = 80.10;
bGWR Min = 2.838; bGWR Mean = 48.316; bGWR Max = 83.239;
r < .01). This finding implies that the opening of new grocery
stores should focus on poor white neighborhoods rather than
poor Asian neighborhoods in the rural DMA. The results of
other OLS and GWR coefficients (e.g., House Value, Income,
Poverty, No Vehicle) can be interpreted accordingly.
Figures 3 and 4 map the spatial distribution of local co-
efficients of the intersectionality variables that are statistically
significant in the GWR models. The variables all showed
significant variation over space. Specifically, the focal variable
in dark-colored areas was more positively or more negatively
associated with food store access than it was in light-colored
areas. In the urban DMA (Figure 3), theWhite Poverty variable
was more negatively associated with supermarket access in the
dark blueMacombCounty but more positively associated in the
dark red Wayne County. The Asian Poverty variable was more
positively associated with grocery store access in Oakland
County but more negatively associated in Wayne County. On
the contrary, the White Poverty variable was more positively
associated with convenience store access in west Detroit and
southWayne County, and African Poverty was more positively
associated in south Macomb County. In the rural DMA
(Figure 4), both the White Poverty and African Poverty vari-
ables were more positively associated with access to both su-
permarkets and grocery stores inwestOaklandCounty butmore
negatively associated in south Wayne County. Interestingly,
the Asian Poverty variable was more positively associated
with grocery store access in Macomb County and more neg-
atively in west Oakland County. In summary, the level of food
store access varied depending on the type of food store
Figure 2. Spatial Clustering of Food Stores
Grocery Store
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Convenience
Store (Rural)
Convenience
Store (Urban)
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Store (DMA)
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(i.e., supermarket, grocery store, convenience store), the
intersectional composition (i.e., White Poverty, African
Poverty, Asian Poverty), the setting (i.e., urban, rural), and
the specific place (i.e., county, CT).
Finally, although the GWR model improved the model fit
(higher adjusted R2) and performance (lower AICc) over the
OLSmodel, themodel fit can vary across different CTs in urban
and rural areas. Tables 5 and 6 report that the adjustedR2 (AICc)
values in the GWR increased (decreased) from the values of the
OLS regression, and Figure 5 presents the spatial distribution of
the local R2 across different CTs. For example, the urban
supermarket/grocery store models had the best fit in south
Wayne County and the worst fit in Oakland County, whereas
the rural supermarket/grocery store models performed best in
Macomb County and worst in Oakland County. These findings
indicate that although the GWRmodel provided a significantly
better fit than the OLS model, the predictive power of the
corresponding model varied across different locations.
Discussion
This study contributes to understanding of the spatial inter-
sectionality in food desert research in terms of (1) how densely
or sparsely food stores are located across urban and rural set-
tings (i.e., spatial dependence) and (2) how the relationship
between intersectional social categories and food store access
varies across locations, types of food stores, and types of set-
tings (urban and rural) (i.e., spatial heterogeneity) in the tri-
county DMA. As demonstrated empirically, both large and
small food stores are clustered across both urban and ruralDMA
and are relatively more clustered in the rural DMA than the
urban DMA. Furthermore, vulnerable neighborhoods with
multiple social categories have varying access to food stores.
There is only a small amount of research on the spatial inter-
sectionality in food deserts—specifically, whether and how
urban and rural neighborhoods with overlapping social cate-
gories (the “who”) are associated with geographic access to a
Figure 3. Spatial Distribution of Local Coefficients (Urban Sample)
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certain type of food store (the “what”) in various places (the
“where”). This empirical study suggests that the GWR model
not only outperforms the OLS model but also supports the
development of place-based food access implementation when
combined with maps.
Consistent with prior research on the spatial clustering of
food stores (Lamichhane et al. 2013), our findings demon-
strate the existence of spatial dependence among large and
small food stores in urban and rural settings. In the urban
setting, supermarkets and convenience stores are densely
located in the suburbs (i.e., outside andwest side of the city of
Detroit) (Lamichhane et al. 2013), but most grocery stores
cluster in the suburbs, with some in inner-city areas (e.g., the
city of Detroit). These results indicate that suburbs are at-
tractive to chain supermarkets for their markets (e.g., higher
buying power) and locations (e.g., the use of larger stores),
whereas inner-city food store abandonment still exists. In
addition, rural neighborhoods immediately surrounding large
cities benefit from greater access to supermarkets located in
their own and nearby urban locations (Nord, Andrews, and
Carlson 2009). However, rural neighborhoods farther from
the urban boundaries suffer from less access to supermarkets
(Dean and Sharkey 2011). The current study suggests that the
spatial clustering of food stores of a certain type may
provide a clear understanding of how food stores have been
established densely and sparsely in specific areas across
urban and rural settings.
This research further examines the existence of spatially
varying relationships between intersectional social cate-
gories and food store access. Depending on the store type,
food store accessibility varies with respect to different
racial/ethnic and poverty compositions as well as other
demographic and socioeconomic statuses. This spatially
varying relationship is more complex in the urban setting
than in the rural setting. For instance, poor white neigh-
borhoods in urban Macomb County faced a double jeopardy
with the most limited access to healthy food because they
had lower access to both supermarkets and convenience
stores (i.e., a food desert). On the contrary, poor white
neighborhoods in south Wayne County had relatively higher
access to both supermarkets and grocery stores (i.e., a food
oasis). In the rural setting, poor white and African American
neighborhoods in relatively rich areas (e.g., Oakland) may
benefit from greater access to various types of food stores, such
as supermarkets, grocery stores, and convenience stores.
These mixed results cannot be explained by a generalized
theory that more supermarkets are located in or near white
versus African American neighborhoods, or in affluent
versus low-income/deprived neighborhoods (Powell et al.
2007; Zenk et al. 2005). More research should be conducted
to investigate whether these spatial differences in food store
access are widespread and, if so, to understand the underlying
causes of these differences in specific urban and rural settings
(McGuirt et al. 2015).
Figure 4. Spatial Distribution of Local Coefficients (Rural Sample)
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Finally, this study suggests that a critical approach to food
deserts enables the examination of the spatial intersectionality of
overlapping social categories (i.e., race/ethnicity and poverty) to
understand the complex nature of marketplace vulnerabilities
(Gopaldas 2013). Analysis of the role of race without regard to
poverty and of poverty without regard to race provides an
incomplete picture of the potential importance of these cate-
gories in shaping the spatial accessibility of food stores (Bower
et al. 2014; Zenk et al. 2005). This study implicitly suggests that
food store availability should be regarded as a dynamic,
complex social system, leaving the open question of why and
how multiple social categories coconstruct one another and are
associated with food store access. Furthermore, this study ex-
tends the intersectionality literature by using a translocational
lens to analyze the intersections of overlapping social categories
across locations and types of food store (Anthias 2012). It
confirms that uneven social patterns of food access are ac-
companied by consequential geographies that reproduce seg-
regation or uneven access to healthy food (Soja 2010).
Implications for Public Policy
Food deserts have been a long-standing subject for policy
makers. The findings of this study are important and informative
for food environment planning and interventions for remedying
food deserts in metropolitan areas where urban and rural areas
coexist. Local governments have helped finance healthy food
retailers’ moves to underserved urban and rural communities
(U.S. Department of the Treasury 2010) with multiple policy
initiatives such as theHealthy Food Financing Initiative (HFFI).
The numerous federal and state-sponsored programs designed
to support healthy food projects (e.g., HFFI) would benefit from
place-based implementations to ensure the local relevance of
health intervention strategies. The current research suggests that
policymakers understand themain determinants that attract new
supermarkets and grocery stores and implement place-based
food environments, especially in urban communities.
First, to attract a new supermarket in underserved urban
areas, tax incentives and the sale of land for food-related
businesses could be important dimensions of local food poli-
cies. Food retailers normally determine the locations of food
stores while considering tradeoffs between locating close to
favorable demand (e.g., income) and supply (e.g., land and
labor costs) conditions and differentiating themselves geo-
graphically from rivals (Bitler and Haider 2011; Orhun 2013).
Donohue (1997) finds that urban racial patterns are weakly
related to the service levels of larger food stores. This study
demonstrates that supermarkets were densely located in the
suburbs, where greater demand and lower store operating costs
existed. Furthermore, the predictive power of the urban su-
permarket model was relatively low compared to other re-
gression models. Therefore, a local government’s interventions
and incentives are critical for attracting new supermarkets in the
Figure 5. Spatial Distribution of Local R2 by Type of Food Store
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urban setting. For example, the city of Detroit provided Whole
Foods with approximately $5.8 million in state/local grants and
tax credits, as well as 1.9 acres of land lease worth $1 million
from a real estate investor to build the store (Duggan and Skid
2011). Meijer also received $3.3 million in tax incentives to
construct a new Meijer store with retail, groceries, a garden
center, and a gas station (Oosting 2011).
This supermarket development brings both positive and
negative changes to healthy food access, availability, and prices
in the local food environment (Ghosh-Dastidar et al. 2017). The
opening of a supermarket in a food desert may increase the
geographic access to healthy foods butmay notmake a dramatic
change in the local food environment in terms of fruit and
vegetable availability and staple food prices (Ghosh-Dastidar
et al. 2017). However, in the long run, the entry of chain su-
permarkets (e.g.,Walmart) will incur a procompetitive effect for
neighboring stores (Volpe and Lavoie 2008), and consumers
will pay less due to a shift in both consumers’ purchases and
retailers’ price competition (Hausman and Leibtag 2007).
Furthermore, supermarket development may enhance local
economic vitality by creating new jobs forminorities, increasing
the local tax base, and offering foods at reasonable prices
(Pothukuchi 2005). Chain supermarkets (e.g., Whole Foods)
not only attract nearby residents to shop for healthy foods at
supermarkets rather than at convenience stores but also provide
an array of services and facilities to consumers, such as nutrition
education and community meeting spaces (Jung and Newman
2014).
Second, although local governments attract new chain su-
permarkets in poor areas, independent grocery stores that are
already operating in local communities should not be ignored
(Duggan and Skid 2011). Grocery stores run by people living in
the community can bring a sense of empowerment and
provide a vehicle for keeping and recirculating money in the
community, creating community wealth as opposed to
extracting money from the community (Perkins 2017). Locally
owned grocery stores provide more employment stability
during economic downturns, protecting the local community
from layoffs (Kolko and Neumark 2010). Since 2002, the
Detroit Independent Grocers—most of whom are Chaldeans
(Iraqi Catholics) – have invested approximately $41 million
toward constructing and renovating 23 grocery stores that sell
fresh meat, dairy, and produce at affordable prices (Louissa
2012). The Detroit Economic Growth Corporation has also
provided $500,000 toward a total of $5.3 million that is ex-
pected to be spent on façade improvements at the 16 stores in the
Green Grocer Project, which offers technical assistance grants
to help with food store renovations, operations, and marketing
efforts (Detroit Economic Growth Association 2016). These
trends are in line with the Michigan Food Policy Council’s
(2013) suggestions that more investment in the local food
system infrastructure is desirable to create new jobs and boost
local economies. Furthermore, because most grocery stores in
many cities are owned by whites (there are no black-owned
grocery stores in the City of Detroit; Perkins 2017), the local
government should provide opportunities for ethnic minorities
and low-income people by offering access to capital and
training them to run food businesses (Taylor and Ard 2015).
Finally, the implementation of remedies designed to address
the threat of food deserts will require a multifaceted approach
and collaboration across local government entities and food
retailers. It is important for healthy food initiatives (e.g., HFFI)
to consider the total food retail environment and prioritize fi-
nancial assistance. Empirical evidence indicates that many poor
minority neighborhoods in the urban DMA are underserved by
supermarkets and grocery stores and suggests a “spatial seg-
mentation” strategy for attracting new supermarkets and gro-
cery stores. Figure 6 displays the hot spot neighborhoods in
terms of intersectionality (race/ethnicity and poverty categories)
and food stores (supermarket and grocery store). Certain CTs in
blue have greater access to supermarkets and grocery stores,
whereas the red CTs have no or limited access to food stores.
These red areas are the neediest places because all three types of
racial/ethnic neighborhoods (i.e., white, African, and Asian)
below the federal poverty level are densely populated. More
grocery stores than supermarkets in the city of Detroit serve
poor minority neighborhoods. Thus, grocery stores play a
critical role in establishing the inner-city food environment.
Although many independent grocery stores provide affordable,
nutritious food staples, encouraging small grocery stores to
open in underserved areas might result in high prices because
economies of scale could not be exploited (Bitler and Haider
2011). Therefore, further interventions should focus on how to
improve the economies of scale for independent grocery stores
and their efficiency of the food supply chain. Constructing local
food hubs may be appropriate because a food hub can centrally
facilitate the aggregation, storage, processing, distribution, and
marketing of locally or regionally produced food (Taylor and
Ard 2015). A food hub (e.g., Eastern Market in Detroit) con-
nects local farmers with high-volume grocery stores as well as
small-volume consumers.
Limitations and Further Research
Despite significant implications for theory and practice, several
limitations of this study should be acknowledged. First, when
examining the food environment in theDMA, this study focuses
on three types of food stores: supermarkets, grocery stores, and
convenience stores. However, healthy food can be accessed
from farms, community and school gardens, farmers’ markets,
allotments that produce food, and food assistance programs
(Taylor andArd 2015). This study also assumes that all stores of
the same type are similar. However, the square footage of
vegetable and fruit departments and the assortment—including
the quality, variability, and price of food—vary across food
stores of the same type (e.g., supermarkets). Future research
should consider alternative food outlets and food assortment
variables that may affect residents’ assessments of overall ac-
cessibility and destination choice (Taylor and Ard 2015).
Second, this study does not include variables related to the
health or nutrition status of the geographic unit in the model.
Future data collection efforts should explicitly measure the
response variables (e.g., health or nutrition levels) that may
occur from the lack of food store access. Research showsmixed
results in examining the impacts of food store accessibility on
public health. Although supermarkets are sources of affordable
nutritious foods, they are also sources of affordable unhealthful
foods (Stern et al. 2016). Therefore, future research should
reflect the spatial intersectionality of multiple social categories
in the food access–health relationship to examine the spatially
varying relationships among variables for place-based health
policy implementation.
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Figure 6. Spatial Distribution of Hot Spots of Intersectionality and Urban Food Stores
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Third, this study faces a methodological obstacle in terms of
the validity of the food store data from the secondary data
sources. Research shows that the agreement between retail food
outlet classifications and field measurements varies by tract
characteristics (Bader et al. 2010; Powell et al. 2007). However,
commercial data sets for supermarkets and grocery stores tend
to be reliable, although classifications for convenience and
specialty food stores are subject to some systematic bias by
neighborhood racial/ethnic composition (Han et al. 2012).
Because D&B has a higher classification match rate than
InfoUSA for supermarkets and grocery stores (Han et al. 2012),
we used food store data sets from the D&B source. Never-
theless, future research using ground-verified data including all
local food outlets could minimize misclassification and confirm
the robustness and validity of our findings.
Finally, this study, like other studies, uses defined geographic
units such as CTs as the unit of analysis. This container-based
approach to calculate accessibility faces a major issue called the
Modifiable Aerial Unit Program (MAUP) (Zhang, Lu, and Holt
2011); that is, the spatial relationship between neighborhood
characteristics and food store access may change depending on
the unit of analysis (e.g., census tracts, census blocks). Thus,
future studies should conduct multiple sensitivity analyses with
census tracts and census blocks to compare their results and
further examine whether MAUP may be a major issue in the
study.
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